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INTRODUCTION

The IRS audits roughly 1.5 percent of all self-employed individual income taxpayers annually.  In fiscal 
year 2014, the direct effect of these audits was over $3 billion in recommended additional tax assessments, 
although not all of the recommended amount will ultimately be collected (Internal Revenue Service, 
2015).5  Less is known, however, about the indirect long-term effect of audits on subsequent taxpayer 
reporting behavior.  Behavioral changes may either undermine immediate gains in tax collections or 
further increase the revenue returns of audits.  Depending on risk attitudes, norms, moral perceptions, 
and perhaps most importantly, the subjective appraisal of the audit, enforcement activity has the potential 
to increase or decrease the willingness of taxpayers to comply with the law and to cooperate with the IRS 
in the future.

This report evaluates the impact of enforcement activity on the subsequent compliance behavior of 
nonfarm self-employed taxpayers.  Through a statistical comparison of administrative data for a random 
sample of 2,204 Schedule C filers with under $200,000 in total positive income who were audited 
subsequent to filing their TY 2007 returns with data for a control sample of 4,705 who were not audited, 
we are able to estimate the short- and long-term impact of audits on tax collections.6

In contrast to other recently published studies (e.g., DeBacker and Yuskavage, 2015; Advani and Shaw, 
2015) that have examined the subsequent reporting behavior of taxpayers who were randomly selected 
for audit, the focus of this study is on taxpayers selected through an ordinary operational audit process.  
Our focus on operational rather than random audits allows us to identify the average treatment effect on 
the treated (ATT), rather than the average treatment effect (ATE) in the general population.  Operational 
audits tend to be targeted towards tax returns with a high potential for noncompliance.  Given that the 
response of compliant taxpayers to an audit likely differs from the response of noncompliant taxpayers, 
the ATT is unlikely to coincide with the ATE.  Furthermore, in the random audit studies, taxpayers were 
aware that they had been chosen at random for a special study, which is unlikely to elicit the same sort of 
reaction as knowledge of having been targeted through the usual operational audit process.  

In our theoretical analysis, we distinguish between compliant and noncompliant taxpayers.7  A “direct 
deterrent effect” (Alm et al., 2009) of additional tax assessments potentially increases the compliance of 
caught evaders.  The response of compliant taxpayers to enforcement activity is ambiguous, however.  
While audits could be seen as a justified means to enforce the law, increasing the trust in the state and the 
willingness to comply voluntarily, a coercive experience might have the opposite outcome.  

Empirically, we implement this theoretical distinction between compliant and noncompliant taxpayers 
by employing information on actual examination results (for a similar approach see Gemmel and 
Ratto, 2012).  More specifically, we classify taxpayers as noncompliant if the examination resulted in an 
additional recommended tax assessment and as compliant otherwise.  This categorization procedure has 
two drawbacks.  One is that we may only classify audited taxpayers.  This impedes, for instance, selecting 
two separate control groups, one for compliant and one for noncompliant taxpayers.  The second is that 
we cannot rule out classification errors among audited taxpayers.  Some instances of noncompliance 

5 These figures include both farm and nonfarm business returns; however, returns claiming the Earned Income Credit are exclud-
ed as audit coverage statistics for this category do not distinguish between business and non-business returns.

6 Total positive income is computed by summing only the positive reported values for the following income sources (negative 
reported amounts are treated as zero): wages, interest, dividends, distributions, other income, Schedule C net profit, and 
Schedule F net profit.

7 Note that our impact analysis covers only three years.  We therefore take the subjective inclination to avoid taxes to be a per-
sonality trait (i.e., a time-constant characteristic) in our empirical analysis.
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We also have estimated a more restrictive specification that does not allow the audit impact to vary in ac-
cordance with the outcome of the audit.  In this specification, all audited taxpayers are treated as a single 
treatment group, making no distinction between taxpayers with and without a recommended additional 
tax assessment.  The findings for this more restrictive model indicate that audits have an enduring positive 
effect on income reporting within the combined treatment group: on net, reported taxable income 
remains 20 percent higher three years after an audit.

Our results are qualitatively similar when we estimate alternative specifications involving the level of 
taxable income as the dependent variable rather than the natural logarithm, although the estimated effects 
are somewhat less dramatic.  Among members of our positive-tax-change experimental group (E-PC), 
reported taxable income under these specifications is estimated to increase by approximately $13,000 (43 
percent) relative to the control group in the year following the audit.  Three years later, this differential 
remains substantial at $8,000 to $9,000.  In the case of our no-tax-change experimental group (E-NC), 
the estimated impact of an audit on reported taxable income remains negative under these specifications, 
but it is less precisely estimated.

We also have investigated how audits impact one’s long-term prospects for remaining self-employed.  We 
find that experiencing an audit that results in an additional recommended tax assessment sharply reduces 
one’s likelihood of filing a Schedule C return in the year following the audit (by approximately seven 
percentage points).  In contrast, audits that do not result in an additional recommended tax assessment do 
not significantly impact one’s prospects for remaining self-employed.

THEORETICAL CONSIDERATIONS

Our objective is to identify the causal impact of audits on reported income.  This analysis is complicated 
by the fact that enforcement activity is likely triggered by both observable and unobservable factors that 
are not independent of reported income.  Examples of such endogenous factors (i.e., variables that are 
jointly determined with reported income) include the history of reported gross receipts, claimed deduc-
tions, and the structure of business expenses.  If taxpayers who are audited differ in important ways from 
unaudited taxpayers, simple comparisons between these groups might not reflect the causal impact of 
audits.

The literature on modern treatment evaluation, comprehensively summarized by Wooldridge (2010) and 
Blundell and Costa Dias (2000), provides useful empirical techniques for addressing this issue.  The ge-
neric problem of this literature is readily applied to our context.  Specifically, we characterize taxpayers by 
three variables: the outcome in the absence of a treatment, Y0, the outcome in the presence of a treatment, 
Y1, and a dummy variable, D, indicating treatment assignment.  In our context, the treatment in question 
is an audit, the outcome variable is a measure of reported income, and the assignment indicator identifies 
whether a taxpayer was audited prior to making the income report.  We seek to identify the average treat-
ment effect on the treated, which in our case translates into the impact of audits on audited taxpayers:

Equation 1

This measure differs, in general, from the average treatment effect (the expected impact of an audit on 
a taxpayer who is randomly drawn from the entire population).  The two measures coincide only if 
treatments are randomly assigned, or the impact of a treatment is constant across the entire population 
(Heckman and Robb, 1986).  Both assumptions are unlikely to hold in the present context for two 
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Second, consistency of the matching estimator in the presence of recent temporary income shocks requires 
that unobserved time-invariant factors in the income process (i.e., individual-specific fixed effects) do not 
also influence audit selection.  Under the matching process, audited taxpayers are matched with unaudited 
taxpayers with similar observed characteristics, including their recent past income reports.  Thus, while 
the audited taxpayers and their matched controls are observationally similar, they do differ in that the 
latter were not selected for audit.  If the reason that the matched controls were not selected is that they 
had different fixed effects, which made auditing them less attractive (e.g., they had a lower personal 
propensity to evade), one would expect reported income levels across the two experimental groups to 
differ in subsequent periods even in the absence of any enforcement effect.  In particular, the controls 
would be more likely to have experienced a deeper recent transitory income shock and, therefore, would 
tend to exhibit a greater level of mean reversion in subsequent periods than the audited taxpayers.  The 
Unrestricted Difference-in-Differences estimator, which includes controls for lagged levels of income, 
would fail for the same reason.

Third, given that we expect the audit response to vary depending on one’s personal propensity to evade, 
the simple matching estimator will not, in general, produce consistent estimates of the differential impact 
of audits on those who experience an additional recommended tax assessment and those who do not.  The 
source of this problem is that we are unable to assess whether an unaudited taxpayer would have received 
an additional recommended tax assessment if that taxpayer had been audited.  Consequently, the matched 
control group does not account for the differences in the income reporting trajectories for these two cat-
egories of taxpayers in the absence of an audit.  To address this problem, we rely on a Matched Difference-
in-Differences estimator, as proposed by Heckman, Ichimura, Smith, and Todd (1998).  In particular, we 
separately compare the change in reported income between period 0 and period k for our matched control 
group against the change in reported income for experimental group E-PC (i.e., those receiving a positive 
recommended audit assessment) and for experimental group E-NC (i.e., those receiving no recommended 
audit assessment).  By subtracting the income report in period 0 from the report in period k, we are able 
to effectively account for any permanent differences in reporting postures (i.e., fixed effects) among the 
experimental groups (i.e., the differencing operation sweeps away the fixed effects).

To summarize, none of our above estimators are able to simultaneously control for audit selection based 
on time-varying shocks (such as recent transitory income changes prior to an audit) and audit selec-
tion based on individual fixed effects.  Our Matched Difference-in-Differences estimator as well as our 
Unrestricted Difference-in-Differences estimator can address the former potential issue, but not the latter.  
In contrast, the Baseline Difference-in-Differences estimator can address the latter potential issue, but not 
the former.10  We therefore compare results from a range of alternative estimators to assess the potential 
sources of bias and the robustness of our estimates.  Our alternative estimation approaches include some 
extensions of the aforementioned methodologies to account for sample selection and sample attrition.  
Overall, we employ six alternative estimation approaches.

Our first two approaches, Baseline Difference-in-Differences (DD) and Dynamic DD, are robust to 
unobservable time-constant shocks, such as the propensity to evade.  

Baseline DD: The first set of estimates is based on the Baseline Difference-in-Differences 
approach described by Equation 2.  This methodology produces unbiased predictors of the 
impact of audits on the reporting behavior of taxpayers in both the positive-tax-change and 

10 For a detailed discussion of the consistency of alternative estimators in the presence of fixed effects and transitory shocks, 
refer to Chabe-Ferret (2014).
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the no-tax-change experimental group, so long as audit selection is based only on time-
constant variables.

Dynamic DD: To account for other taxpayer characteristics that influence both taxpayer 
reporting behavior and audit selection, this methodology incorporates lagged changes 
of reported income and a variety of indicators as additional explanatory variables in the 
Baseline DD regression specification.  Note that recent changes in income are independent 
of taxpayer fixed effects, thus not introducing bias if audit selection is based on these effects.  
The set of indicator variables reflects attributes of the tax return, other than reported income, 
which might increase the likelihood of an audit. The Dynamic DD approach gives unbiased 
estimates of the audit impact if audit selection is triggered by time-constant variables, recent 
changes in reported income, or any of the included indicators. 

Our third and fourth estimators, Unrestricted DD and Matched DD, control for audit selection based on 
recent transitory income changes (i.e., Ashenfelter’s dip).

Unrestricted DD: Under the Unrestricted DD approach,11 we substitute lagged changes 
in income with lagged levels of income (one and two lags).  Otherwise, this specification 
resembles the Dynamic DD approach.  By including lagged income levels, we control for 
recent shocks that potentially drive audit selection.  The Unrestricted DD specification 
returns unbiased estimates of the treatment impact if audit selection is based on any linear 
function of past income, including its change, or if it is triggered by any of the variables 
included in the set of indicators.  Importantly, the Unrestricted DD specification is not 
robust to selection on time-constant unobservable variables (i.e., taxpayer fixed effects).

Matched DD: The Matched DD Estimator builds on the assumptions of the Unrestricted 
DD estimator: it thus provides unbiased predictions of the audit impact if audit selection is 
based on any linear function of past income or any of the included indicators.  We imple-
ment this approach by comparing changes in reported income among our two experimental 
audit groups (E-PC and E-NC) with changes in reported income among our matched 
control group (see Propensity Score Matching below for details).  The Matched DD estima-
tor is less parametric than the Unrestricted DD estimator as it does not assume a specific 
functional form for the covariates.  However, this improved flexibility comes at the expense 
of a smaller sample size.

Our two remaining estimators, Dynamic DD Plus Sample Selection and Dynamic DD Plus Attrition, 
control for sample selection on unobservables and sample attrition, respectively.  Both specifications build 
on the Dynamic DD approach.

Dynamic DD Plus Sample Selection: The IRS might rely on certain time-varying variables 
when deciding which returns to audit that are correlated with the income process but not 
observable to us.  To control for the implied bias, we follow Heckman (1978) by including a 
synthetic control variable that captures the residual correlation (see Appendix B for details).  
The Dynamic DD Plus Sample Selection estimator yields consistent estimates of the audit 
impact if the assumptions of the Dynamic DD approach are satisfied and if certain addi-
tional distributional assumptions also hold.

11 For a similar approach, see LaLonde (1986, 1984).
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The number of taxpayers is depicted separately for each experimental group to illustrate the impact of 
our selection requirements on the sample composition.  The preliminary project data sample consists of 
17,669 taxpayers.  Around 25 percent of this sample was drawn from EAC class 280 or 281 (nonfarm 
self-employed taxpayers with over $200,000 in total positive income).  We exclude these classes from our 
analysis, because high income cases often present unique compliance issues.  After excluding taxpayers 
from these classes as well as those that could not be definitively assigned to a treatment or control group 
on the basis of our two-step procedure for assigning a filing date, there are 12,707 taxpayers remaining in 
our sample.

In the second step, we require that all taxpayers filed Schedule C income in both TY 2006 and TY 2007.  
This step is necessary to allow matching on the basis of variables for TY 2006.  The third step eliminates 
taxpayers who did not file their returns chronologically.  Such cases preclude an analysis of long term 
effects.  Furthermore, in order to effectively capture macro-economic trends in our empirical analysis, 
we require that returns were filed timely.  If we included taxpayers who filed their return for TY 2007 
in, say, TY 2012, our constants included in the difference-in-differences regressions would not capture 
common trends.  We increase homogeneity in our treatment group by dropping taxpayers whose returns 
for TY 2005 were audited (subsequent to filing their TY 2008 returns).  Accordingly, the treatment 
group consists only of taxpayers who were audited in relation to their TY 2006 and/or TY 2007 return.13  
Finally, we exclude taxpayers reporting extreme values (the top 2.5 percent and the bottom 2.5 percent 
of the distribution) of our main dependent variables, to ensure that our results are not driven by outliers 
and are thus representative of the overall sample.  The final baseline sample consists of 6,909 taxpayers, 
including a treatment group of 2,204 taxpayers who were audited prior to filing their TY 2008 return and 
a control group of 4,705 taxpayers who were not audited prior to filing their TY 2008 return.

TABLE 1, Impact of Sample Selection Process

Subsample Control Treatment Total

Step Description Ind.
% Step 
(x-1) Ind.

% Step 
(x-1) Ind.

% Step 
(x-1)

0 Initial working sample 11,218 — 6,451 — 17,669 —

1 New definition 8,313 0.74 4,394 0.70 12,707 0.72

2 Schedule C filed 2006 and 2007 6,998 0.84 3,695 0.84 10,693 0.84

3 Chronological filers 5,974 0.85 3,087 0.84 9,061 0.85

4 Not late before 2008 4,921 0.82 2,425 0.79 7,346 0.81

5 TY 2005 not audited 4,920 1.00 2,379 0.98 7,299 0.99

6 Outliers 4,705 0.96 2,204 0.93 6,909 0.95

Descriptive Statistics 
Table 2 presents descriptive statistics separately for the treatment and control groups, with the last column 
showing the probability of equal means between groups.  In order to achieve comparability of DIF scores 
between the control and treatment groups while protecting the confidentiality of the underlying DIF 
algorithm, we worked with ventiles of the DIF distribution.  Our ventile measure takes values between 

13 All of the members of the preliminary audit sample were recorded as undergoing an audit of their TY 2007 return prior to the 
approximate filing date for their TY 2008 return.  However, some of these taxpayers were later determined to have actually filed 
their TY 2008 return prior to the TY 2007 audit.  Such taxpayers were retained in the control group if their TY 2006 return was 
audited subsequent to the TY 2007 return filing date but prior to the TY 2008 return filing date.
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TABLE 4, Determinants of Filing Schedule C Past TY 2007

Estimation of sample selection (probit estimation)

Dependent variable Filed C in 2008 Filed C in 2010

Model cont. (2) (4)Model (1) (2) (3) (4)

Explanatory variables Explanatory variables cont.

Treatment -0.005 
(0.009)

-0.005 
(0.008)

-0.003 
(0.013)

-0.002 
(0.013)

Schedule E 
indicator

0.025***
(0.008)

-0.001 
(0.018)

Treatment: e -0.067***
(0.015)

-0.053***
(0.013)

-0.072***
(0.019)

-0.065***
(0.018)

Start up 2006 -0.017*
(0.009)

-0.042**
(0.017)

DIF vent. 2006 0.004**
(0.001)

0.003*
(0.001)

0.007***
(0.002)

0.005**
(0.002)

Depreciation exp. 
2006

-0.01 
(0.007)

-0.003 
(0.013)

DIF vent. 2007 0.002 
(0.001)

0.000 
(0.001)

0.002 
(0.002)

-0.001 
(0.002)

Meal and enter.exp 
2006

-0.01 
(0.006)

-0.014 
(0.012)

DIF vent. squared 
2006

-0.000**
(0.000)

-0.000*
(0.000)

-0.000**
(0.000)

-0.000**
(0.000)

Wage indicator 
2007

-0.034***
(0.006)

-0.047***
(0.011)

DIF vent. squared 
2007

0.000*
(0.000)

0.000
(0.000)

0.000*
(0.000)

0.000
(0.000)

Capital gains ind. 
2007

0.019**
(0.008)

-0.017 
(0.014)

DIF vent. 2006:  
DIF vent. 2007

0.000
(0.000)

0.000
(0.000)

-0.000*
(0.000)

0.000
(0.000)

Other gains ind. 
2007

-0.026*
(0.013)

-0.028 
(0.021)

Sch C Net Profit 
2006

0.000***
(0.000)

0.000***
(0.000)

0.000***
(0.000)

0.000**
(0.000)

Schedule E ind. 
2006

-0.027**
(0.011)

-0.001 
(0.018)

Sch C Net Profit 
2007

0.000
(0.000)

0.000
(0.000)

0.000***
(0.000)

0.000*
(0.000)

Other income ind. 
2007

0.016**
(0.006)

0.005 
(0.014)

Profit ratio 2006 0.000***
(0.000)

0.000**
(0.000)

0.000***
(0.000)

0.000***
(0.000)

Moving expenses 
ind. 2007

-0.125**
(0.048)

-0.199***
(0.067)

Profit ratio 2007 0.000
(0.000)

0.000
(0.000)

0.000**
(0.000)

0.000**
(0.000)

Simple account 
cont. 

0.015
(0.009)

0.009
(0.019)

Log Taxable Income 
2006

-0.002**
(0.001)

0.000
(0.001)

-0.006***
(0.002)

-0.004**
(0.002)

Car truck expenses 
2007

0.010
(0.006)

0.027**
(0.012)

Log Taxable Income 
2007

0.000
(0.001)

0.001
(0.001)

-0.001
(0.002)

0.000
(0.002)

Depreciation 
expenses 2007

0.046***
(0.008)

0.071***
(0.013)

Taxable Income 
2006

-0.000***
(0.000)

-0.000***
(0.000)

0.000
(0.000)

0.000
(0.000)

Legal expenses 
2007

0.014**
(0.005)

0.038***
(0.010)

Taxable Income 
2007

0.000**
(0.000)

0.000
(0.000)

0.000*
(0.000)

0.000
(0.000)

Travel expenses 
2007

0.010*
(0.006)

0.029**
(0.011)

Profit/Taxable 
Income 2006

0.000
(0.000)

0.000
(0.000)

0.000
(0.000)

0.000*
(0.000)

Meal and ent. 
expenses 2007

0.021***
(0.007)

0.045***
(0.014)

Profit/Taxable 
Income 2007

0.000
(0.000)

0.000*
(0.000)

0.000
(0.000)

0.000
(0.000)

Wage expenses 
2007

0.016**
(0.006)

0.016
(0.013)

Interest income ind. 
2006

0.028***
(0.006)

0.033***
(0.010)

Business home 
expenses 2007

0.016***
(0.005)

0.018*
(0.011)

Capital gains ind. 
2006

0.016**
(0.007)

0.028**
(0.013)

Observations 6,971 – 6,971 – 6,971 6,971

AIC 3,461 – 6,060 – 3,230 5,856

Notes: *, **, and *** indicate significance at the 10%, 5%, and 1% level.  Robust standard errors (bootstrapped) in parentheses.
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The Impact of Audits on Reported Income
This section presents our main results concerning the impact of audits on reported income.  Table 5 
depicts the first set of estimation results where we use the change in the natural logarithm of reported 
taxable income between TY 2007 and TY 2008 as the dependent variable.

TABLE 5, Short-Term Impact of Audits on Taxable Income

Dependent variable: log (taxable income 2008) - log (taxable income 2007)

Estimator Baseline DD Dynamic DD Unrest. DD Matched DD Dynamic DD Dynamic DD

Explanatory variable (1) (2) (3) (4) (5) (6)

Treated
-0.306**

(0.138)
-0.094

(0.131)
-0.021

(0.123)
-0.073

(0.159)
-0.257

(0.337)
-0.174

(0.370)

Treated: e
1.565***
(0.176)

1.442***
(0.165)

1.352***
(0.155)

1.604***
(0.186)

1.519***
(0.164)

1.394***
(0.173)

Selection control (λ
1
)

0.050
(0.225)

Attrition control (λ
2
)

1.890***
(0.387)

Sum of row 1 and 2 1.258***
(0.138)

1.348***
(0.130)

1.330***
(0.121)

1.531***
(0.163)

1.262***
(0.370)

1.220***
(0.139)

Observations 6,904 6,903 6,903 3,960 6,903 6,903

Adj. R2 0.014 0.152 0.262 0.025 0.143 0.143

Notes: *, **, and *** indicate significance at the 10%, 5%, and 1% level.  Robust standard errors in parentheses.

The Baseline Difference-in-Differences specification in the first column indicates that audits decrease the 
natural logarithm of reported taxable income by 0.306 among taxpayers that were not assessed additional 
tax.  This translates into a 35.8 percent reduction in the reported level of taxable income.19  This esti-
mated impact is significant at the five percent level.  The interaction of the audit group dummy with the 
binary variable e, which takes the value of one if an examination resulted in additional recommended tax, 
shows that audits have a much stronger effect on members of experimental group E-PC.  The combined 
coefficient estimate of 1.258 implies that reported taxable income among those receiving an additional 
recommended tax assessment increases by approximately 250 percent.20

Although the Baseline Difference-in-Differences specification indicates a significant negative impact of 
audits on subsequent income reporting behavior when audits result in no additional recommended tax 
assessment, the estimated size of this impact diminishes and loses its statistical significance in the extended 
specifications.  This suggests that other factors explain both reported income and audit selection.

In the second specification (Dynamic DD), we incorporate the lagged change in reported income and a 
range of indicators as additional explanatory variables.  After accounting for these additional factors, the 
estimated impact of audits on the reporting behavior of taxpayers who do not receive a recommended 
additional tax assessment (i.e., members of experimental group E-NC) becomes negligible.  The positive 
effect of audits on taxpayers receiving an additional recommended tax assessment, however, remains 
sizable and highly significant.  The combined coefficient estimate of 1.348 now implies an increase of 
285 percent in taxable income among taxpayers that were assessed additional tax.  Put another way, this 

19 The percentage change figure is derived as exp(0.306) − 1 = 0.358.  
20 The percentage change figure is derived as exp(1.258) − 1 = 2.50.
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Importantly, we now find a significant negative impact of audits among taxpayers in the no-tax-change 
experimental group (E-NC).  Those audited but not assessed additional tax report approximately 35 
percent less income as a result of the enforcement activity.  The estimated impact of audits on income 
reporting among compliant taxpayers is not statistically significant in two of our specifications.  The first 
is the Unrestricted Difference-in-Differences model, which includes lagged income levels and various 
other control variables.  Given that the Matched Difference-in-Differences estimator relies on a similar set 
of assumptions while not imposing a linear functional form, we attach more weight to the latter estimator 
(which does indicate a significant negative impact of audits).  The second is based on the control func-
tion model in column (5), which attempts to account for both observable and unobservable differences 
between the treatment and control groups.  The coefficient on the control function is, however, not 
statistically significant and the inflated standard errors point at a potential problem of multicollinearity in 
this specification.  We thus conclude that, overall, our estimates point to a negative long-term impact of 
audits on income amounts reported by taxpayers in the no-change-tax group.  Our preferred specification 
(column (6)) suggests that such taxpayers reduce their reported income by 37 percent three years after 
having undergone an audit.

We have also estimated a more restrictive model that does not allow the audit impact to vary in accor-
dance with the audit outcome.  In this specification, all audited taxpayers are treated as a single treatment 
group, making no distinction between taxpayers with and without a recommended additional tax assess-
ment.  The findings for this more restrictive model indicate that audits have an enduring positive effect 
on income reporting within the combined treatment group: on net, reported taxable income remains 20 
percent higher three years after an audit.  

We present estimates for some alternative specifications involving the change in the level of reported 
taxable income (rather than the change in its natural logarithm) as the dependent variable in Appendix 
A (Table 8 and Table 9).  One year after the audit, we find that reported income among the positive-tax-
change experimental group (E-PC) is increased by around $13,000 (or by about 42 percent); we do not 
find a statistically significant impact of audits among members of the no-tax-change experimental group 
(E-NC).  Three years after the audit, taxpayers that were assessed additional tax still report around $8,000 
to $9,000 more than control group members.  The estimated long-run impact on income reporting 
among members of the no-tax-change experimental group is negative in all specifications.  However, the 
estimated effect is statistically significant only when using the Matched Difference-in-Differences estima-
tor.  Thus, while the results based on the change in the level of reported taxable income are qualitatively 
similar to those based on the change in its natural logarithm, the latter imply a much larger percentage 
change in income reporting among the positive-tax-change experimental group as a result of the audits.

Figure 3 illustrates these findings.  The distance between the positive-tax-change experimental group 
(orange line) and the control group (green line) widens steeply in TY 2008 and shrinks gradually there-
after.  The graph also indicates a negative impact of audits on the no-tax-change group (blue line).  This 
effect is most visible in the matched sample when looking at the logarithm of reported income (bottom 
right panel).

Table 7 presents estimates of the impact of audits on the level of reported Schedule C net profit.  We 
focus on profit levels rather than profit ratios first, because this variable seems to better satisfy the assump-
tions needed for consistent identification of the treatment impact.
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short time horizon impairs the estimation of a dynamic model, which would allow a more accurate quan-
tification of the decay rate of audit effects.  Third, a range of additional analyses, looking at, for instance, 
the differential impact of alternative audit techniques (such as face-to-face vs. correspondence) or the 
differential response of low income and high income taxpayers, could provide important insights.  Fourth, 
the existing propensity score matching approach relies on matching without replacement, meaning that 
a given control group member can be matched to at most one treatment group member.  Although this 
approach can lead to improved precision in estimation, it can also result in increased bias.  Intuitively, 
restricting control group members to no more than one match can adversely impact the quality of the 
matches to some treatment group members.  Therefore, it may be productive to explore whether similar 
estimation results are achieved when one employs matching with replacement.  In addition, the current 
Matched Difference-in-Differences approach compares the reporting behavior of each subset of the audit 
group (E-PC and E-NC) to the full set of matched controls.  It may be worthwhile to compare the report-
ing behavior of experimental group E-PC just to the matched controls for this subset of taxpayers and, 
likewise, the reporting behavior of group E-NC just to the matched controls for this subset of taxpayers.  
Finally, it may be worth considering estimating the models separately for each examination activity class 
to see if the results are robust across classes.
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APPENDIX A. ADDITIONAL TABLES

TABLE 8, Short-Term Impact of Audits on Taxable Income (Levels Specification)

Dependent variable: taxable income 2008 - taxable income 2007

Estimator Baseline DD Dynamic DD Unrest. DD Matched DD Dynamic DD Dynamic DD

Explanatory variable (1) (2) (3) (4) (5) (6)

Treated
109.151

(903.361)
637.189

(911.577)
695.058

(902.420)
-67.036

(1,108.523)
-3,172.458

(2,563.045)
118.234

(893.239)

Treated: e
12,762.614***
(1,151.681)

12,130.803***
(1,148.279)

11,616.740***
(1,139.743)

13,383.543***
(1,299.849)

12,914.715***
(1,137.809)

12,368.663***
(1,198.948

Selection control (λ
1
)

2,118.879
(1,559.561)

Attrition control (λ
2
)

3,887.346
(2,684.980)

Sum of row 1 and 2 12,871.765***
(906.024)

12,767.992***
(899.115)

12,311.798***
(892.084)

13,316.507***
(1,141.892)

9,742.257***
(2,564.537)

12,486.897***
(964.360)

Observations 6,904 6,903 6,903 3,960 6,903 6,903

Adj. R2 0.029 0.061 0.082 0.037 0.054 0.054

Notes: *, **, and *** indicate significance at the 10%, 5%, and 1% level.  Robust standard errors in parentheses.

TABLE 9, Long-Term Impact of Audits on Taxable Income (Levels Specification)

Dependent variable: taxable income 2010 - taxable income 2007

Estimator Baseline DD Dynamic DD Unrest. DD Matched DD Dynamic DD Dynamic DD

Explanatory variable (1) (2) (3) (4) (5) (6)

Treated
-627.405

(1,227.175)
-524.020

(1,235.941)
-360.786

(1,224.295)
-2,481.577*
(1,431.889)

615.384
(3,488.932)

-489.323
(1,216.307)

Treated: e
9,646.843***

(1,564.506)
9,266.843***

(1,556.867)
8,424.823***

(1,546.266)
9,556.641***

(1,679.025)
9,717.567***

(1,548.837)
9,239.317***

(1,600.607)

Selection control (λ
1
)

-749.637
(2,122.944)

Attrition control (λ
2
)

3,452.438
(2,921.670)

Sum of row 1 and 2 9,019.439***
(1,230.793)

8,742.823***
(1,219.045)

8,064.037***
(1,210.272)

7,075.064***
(1,474.992)

10,332.951**
(3,490.962)

8,749.994***
(1,270.600)

Observations 6,904 6,903 6,903 3,960 6,903 6,903

Adj. R2 0.008 0.044 0.064 0.008 0.030 0.030

Notes: *, **, and *** indicate significance at the 10%, 5%, and 1% level.  Robust standard errors in parentheses.
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TABLE 10, Long-Term Impact of Audits on Schedule C Net Profit

Dependent variable: Schedule C net profit 2010 - Schedule C net profit 2007

Estimator Baseline DD Dynamic DD Unrest. DD Matched DD Dynamic DD Dynamic DD

Explanatory variable (1) (2) (3) (4) (5) (6)

Treated
-2,444.006**
(1,244.386)

-1,053.172
(1,241.802)

129.308
(1,176.660)

-2,344.188
(1,490.196)

-9,025.484**
(3,532.837)

-1,588.093
(1,214.548)

Treated: e
9,606.398***

(1,632.600)
9,027.610***

(1,605.760)
6,496.244***

(1,523.607)
11,298.333***
(1,801.434)

9,341.106***
(1,593.725)

7,607.858***
(1,638.046)

Selection control (λ
1
)

4,690.006**
(2,147.006)

Attrition control (λ
2
)

14,090.140***
(3,201.101)

Sum of row 1 and 2 7,162.391***
(1,308.172)

7,974.439***
(1,278.716)

6,625.552***
(1,212.069)

8,954.144***
(1,600.375)

315.622
(3,542.053)

6,019.765***
(1,320.785)

Observations 5,717 5,717 5,717 3,234 5,717 5,717

Adj. R2 0.006 0.067 0.164 0.013 0.054 0.057

Notes: *, **, and *** indicate significance at the 10%, 5%, and 1% level.  Robust standard errors in parentheses.











Section Three  —  AUDIT IMPACT STUDY  100

Form 1023-EZ IRS Collectibility Curve Audit Impact Study Understanding the  
Hispanic Underserved

This page intentionally left blank.


	National Taxpayer Advocate | 2015 Annual Report to Congress | TAS Research and Related Studies | Volume 2
	AUDIT IMPACT STUDY




